ABSTRACT. Alzheimer's disease (AD) is a neurodegenerative disorder and the most common cause of dementia in elderly people. Numerous studies have focused on the dysregulated genes in AD, but the pathogenesis is still unknown. In this study, we explored critical hippocampal genes and pathways that might potentially be involved in the pathogenesis of AD. Four transcriptome datasets for the hippocampus of patients with AD were downloaded from ArrayExpress, and the gene signature was identified by integrated analysis of multiple transcriptomes using novel genome-wide relative significance and genome-wide global significance models. A protein-protein interaction network was constructed, and five clusters were selected. The biological functions and pathways were identified by Gene Ontology and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis. A total of 6994 genes were screened, and the top 300 genes were subjected to further analysis. Four significant KEGG pathways were identified, including oxidative phosphorylation and Parkinson's (2015) disease, Huntington's disease, and Alzheimer's disease pathways. The hub network of cluster 1 with the highest average rank value was defined. The genes (NDUFB3, NDUFA9, NDUFV1, NDUFV2, NDUFS3, NDUFA10, COX7B, and UQCR1) were considered critical with high degree in cluster 1 as well as being shared by the four significant pathways. The oxidative phosphorylation process was also involved in the other three pathways and is considered to be relevant to energy-related AD pathology in the hippocampus. This research provides a perspective from which to explore critical genes and pathways for potential AD therapies.
INTRODUCTION
Alzheimer's disease (AD) is a neurodegenerative disorder, and is the most prevalent cause of dementia with no reported cure to date (Desai et al., 2005) . As AD progresses, patients usually develop the symptoms of short-term to long-term memory loss, accompanied by confusion, irritability, aggression, mood swings, language difficulties (Reisberg et al., 1987) , and eventually death (Schoenberg et al., 1987) . According to a recent report (Thies et al., 2013) , approximately 76 million people in the world were living with AD in 2013. Brookmeyer et al. (2007) have estimated that AD could affect one in 85 people worldwide by 2050. Therefore, developing primary and secondary prevention strategies based on genes relevant to AD has become a popular field of research in recent decades (Boada et al., 2014) . Liao et al. (2014) studied the effect of ATP-binding cassette subfamily A member 7 gene (ABCA7) on the risk of AD, and found that ABCA7 was significantly associated with AD (P = 0.0026). A study of the influence of 10 recently identified AD risk genes on the age-at-onset phenotype was carried out by Thambisetty et al. (2013) to identify genes that could potentially delay the onset of AD.
Despite the numerous studies on risk genes for AD, the molecular pathogenesis is still unclear (Yin et al., 2014) , which constitutes a major challenge for research on AD. So far, several hypotheses have attempted to explain the causes of AD, including genetics, and the cholinergic, amyloid, and tau hypotheses. Among them, the cholinergic hypothesis forms the basis for most currently available drug therapies (Babic et al., 1999) . A relationship has been identified between the cognitive and behavioral symptoms of AD and the dysfunction of certain brain regions (Liang et al., 2008a) . A comprehensive study carried out by Liang et al. (2012) based the identification of the most critical dysregulated genes in six different AD-relevant brain regions on a sub-graph algorithm. However, this study only analyzed one dataset for each brain region and ignored the large body of research that has focused on one particular brain region.
The hippocampus is located under the cerebral cortex (Freund and Buzsáki, 1996) , and is a major component of the human brain. The hippocampus is considered to be the first affected region in the brains of AD patients, because it plays vital role in consolidating information from short-term to long-term memory (West et al., 2000) , the dysregulation of which is an early and severe symptom in AD patients (Lopez et al., 2003) . Thus, we have focused our attention on the hippocampus to identify vital genes and pathways that might potentially give insight into effective therapies for AD.
In recent years, a large amount of transcription data has been produced and deposited in publically available data repositories (Parkinson et al., 2007; Barrett et al., 2011) . These repositories allow researchers to discover genetic and diagnostic signatures by data integration and bioinformatic analysis, which can provide insight into the biological mechanisms of AD. In order to integrate transcription data from different platforms and protocols, a new model has been employed, which measures the genome-wide relative significance (GWRS) and genomewide global significance (GWGS) (Liu et al., 2013) .
In the current study, we initially downloaded transcription data from the hippocampus of AD patients in ArrayExpress. Using the GWRS and GWGS method, robust gene signatures were identified. To interrogate the interrelationships within these genes, protein-protein interactions (PPIs) were used to discover hub genes and sub-networks. These gene signatures were also tested by functional and pathway enrichment analysis. This research might provide information on vital genes and pathways that could potentially be exploited by therapies for AD.
MATERIAL AND METHODS

Data recruitment and preprocessing
In this study, four hippocampal microarray expression profiles from patients with AD and age-matched normal controls were downloaded from ArrayExpress, including E-GEOD-1297 (Blalock et al., 2004 ), E-GEOD-5281 (Liang et al., 2007 (Liang et al., , 2008b ), E-GEOD-28146 (Blalock et al., 2011) , and E-GEOD-36980 (Hokama et al., 2014) . From these four datasets, a total of 61 AD patients and 40 normal controls were included in the current study. The characteristics of these studies are shown in Table 1 . Prior to analysis, the original expression information from all conditions was subjected to data preprocessing. For each dataset, in order to eliminate the influence of nonspecific hybridization, background correction and normalization were carried out using the robust multichip average (RMA) method (Ma et al., 2006 ) and a quartile-based algorithm (Rifai et al., 2001) , respectively. Perfect match and mismatch values were revised using the Micro Array Suite 5.0 (MAS 5.0) algorithm (Pepper et al., 2007) , and selected via the median method. The data were then screened using the feature filter method of the genefilter package. Each probe is mapped to one gene, and the probe is discarded if it cannot match any genes.
Integrated analysis of gene signatures from multiple microarray datasets
In the present study, the GWRS and GWGS method was used to identify gene signatures. The details of this approach have been described in previous research (Liu et al., 2013) .
The degree of differential gene expression in each single microarray database was measured by GWRS on a genome-wide scale (r value) based on fold change. In this method, the number of datasets was denoted by n, and the number of unique genes across n datasets was denoted by m. The GWRS of the i-th gene in the j-th dataset was measured by: where r ij , i = 1-m, j = 1-n, was the rank number of the i-th gene in the j-th study. In current study, the value of n was 4.
Based on the corresponding GWRS across multiple microarray datasets, the GWGS of a gene was measured by:
where wj represents the relative weight of the j-th dataset. A gene with a large GWGS value was considered to be globally significant across multiple studies. The degree of differential expression was measured by the fold change. We assigned a rank number for each gene according to its degree of differential expression. In the study by Liu et al. (2013) , the top 200 genes were considered. In our study, the reliability and robustness of the network should also be taken into account. Therefore, the top 300 genes were finally selected for further analysis, as 300 was the smallest number of genes that would allow optimal performance to be retained for classification accuracy in this study.
Construction of a PPI network
Since genes seldom implement their functions independently, network analysis presents a powerful tool for understanding the functional organization of the proteome. To reveal the dysfunctional clusters and identify genes that may play a vital role in the disease process, the PPI network was constructed by linking causal disease genes with the 300 most responsive genes. For protein interaction data, we utilized a known interactome database from the search tool for the retrieval of interacting genes/proteins (STRING) (Jensen et al., 2009 ). The PPI network was constructed using Cytoscape (Scardoni et al., 2009 ), a free software package for visualizing, modeling, and analyzing the integration of biomolecular interaction networks with high-throughput expression data.
Identification of clusters
In order to detect the densely connected regions and their functions in the network, we utilized a plug-in for the Cytoscape software, ClusterONE (Nepusz et al., 2012) , to perform the clustering analysis. The top 300 genes with corresponding P values and fold changes were mapped into Cytoscape software. To find the densely connected network module, we discarded the clusters with fewer than 11 nodes and a density lower than 0.2. 
Functional enrichment analysis
To further study the functions and enriched pathways of these top 300 genes, functional enrichment and pathway analysis were performed based on the Gene Ontology (GO) database (Version No. 2010.09.03) (http://www.geneontology.org/) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (www.genome.jp/kegg/) (Kanehisa and Goto, 2000) , respectively. In the functional analysis, GO terms with P values greater than 0.01 were discarded. The enriched terms with more than five genes present and P values < 0.01 were considered to be statistically significant in the pathway enrichment analysis (Duncan et al., 2010) . The two analyses were performed using the database for annotation, visualization, and integrated discovery (DAVID, http://david.abcc.ncifcrf.gov/tools.jsp) (Huang et al., 2008) . The significant categories were identified by the Expression Analysis Systematic Explorer (EASE) score (Hosack et al., 2003) .
RESULTS
Integrated analysis of gene signatures
After preprocessing the expression data from the four different datasets, the number of genes in E-GEOD-1297, E-GEOD-5281, E-GEOD-28146, and E-GEOD-36980 were 12493, 20109, 20109, and 10986, respectively, using the GWRS algorithm. A method based on fold change was applied when measuring the GWRS value for differential expression. Figure 1 shows the fold change for the top 44 genes. The GWGS of a gene was then measured based on the GWRS value. A total of 6994 genes were screened using the intersection of the microarray datasets. The top 300 AD genes in the hippocampus were identified for further analysis (Table 2 ). 
PPI network
According to the PPI data downloaded from STRING, the relationships between these 300 genes relevant to AD in the hippocampus were identified, and a PPI network was constructed ( Figure 2 ). In total, the constructed PPI network included 184 nodes and 661 edges, where nodes refer to gene signatures and the edges between nodes indicate the interactions of genes in the network. From the network, we could observe that there was more than one interaction between some nodes, with reference to experimental interactions, domain fusion, interactions inferred by curator, interolog mapping, phylogenetic profiling, predictive text mining, and unspecified methods such as coexpression. When calculating the degree of each gene, we merged multiple edges between two nodes into one, and counted them as one edge in the following topology analysis. Genes from the PPI network showing a high degree included NDUFS3 (degree = 23), COPS5 (degree = 16), SUCLG1 (degree = 15), NDUFB3 (degree = 13), NDUFV2 (degree = 13), PPP1CA (degree = 12), IMP4 (degree = 11), PSMA1 (degree = 11), ADSL (degree = 11), MRPL15 (degree = 11), ATP5J (degree = 11), NDUFA9 (degree = 11), NDUFV1 (degree = 10), SLC2A4RG (degree = 10), and CCT3 (degree = 10). These genes are likely to be crucial for maintaining the function and coherence of signaling mechanisms. In addition, the transcription factors (TFs) were chosen according to data for the known regulatory TFs (Vaquerizas et al., 2009) . Six TFs were mapped on the PPI network, including DMTF1, DEAF1, PRDM2, NEUROD6, MYT1L, and CDC5L. 
Clusters
The clusters with densely connected nodes in the PPI network were detected using the ClusterONE plug-in of the Cytoscape software. In the current study, five clusters were identified with parameters set to a minimum size of 11 and a minimum density of 0.2. Figure  3 presents the five significant clusters selected from the top 300 genes. The number of nodes in each cluster was 17, 14, 11, 12, and 13, while the number of corresponding edges was 159, 46, 13, 30, and 16, respectively. 
Functional enrichment analysis
Functional enrichment analysis of the resulting gene signature was performed, including GO enrichment and KEGG pathway enrichment. GO analysis was carried out in three categories, including biological processes (BP), molecular functions (MF), and cellular components (CC). The results of GO analysis show that the top 300 genes were significantly enriched in 97 terms. After discarding the terms with P values greater than 0.01, the most significant five GO terms of BP, MF, and CC are presented in Table 3 . The most significant terms for BP, MF, and CC were the generation of precursor metabolites and energy (P = 8.21 x 10 -7 ), NADH dehydrogenase activity (P = 9.04 x 10 -5 ), and mitochondrial membrane (P = 1.40 x 10 -6 ), respectively. Pathway enrichment analysis showed that these genes were significantly enriched in four terms. The most significant term was oxidative phosphorylation (P = 2.05 x 10 ), Huntington's disease (P = 0.0053), and Alzheimer's disease (P = 0.0095), and all of these pathways are related to neuropathy. The four pathways are presented in Table 4 . 
Identification of the hub sub-network
For all the resulting clusters, the average rank value based on the P value and degree was calculated, and the cluster with the highest rank value and degree was considered a hub sub-network. The results are shown in Table 5 . Genes in cluster 1 with an average rank value of 5.61 and average degree of 8.94 were significantly connected. Compared with our earlier enrichment analysis, eight of the 17 genes in cluster 1 (NDUFB3, NDUFA9, NDUFV1, NDUFV2, NDUFS3, NDUFA10, COX7B, and UQCR10) shared the four significant KEGG pathways mentioned above, further confirming the significance of cluster 1. 
DISCUSSION
AD affects many people in older age, and is a complex disease with a pathogenesis that is unclear. The goal of this study was to identify important genes, sub-networks, and potential pathways involved in AD to contribute to the understanding of its molecular pathogenesis. We first combined the genes from microarray data using GWRS and GWGS methods, and then analyzed these genes using functional enrichment analysis, pathway enrichment analysis, PPI, and cluster analysis.
In our study, a total of 6994 genes were identified using a robust new model that enabled integrative analysis of multiple microarray datasets produced by different platforms and protocols. PPI network analysis revealed several gene signatures with high connectivity, which might be candidates for the pathogenesis of AD.
In the present study, NDUFS3 (degree = 23) showed the highest degree in the network. Zhang et al. (2012) verified that NDUFS3 was significantly upregulated in the oxidative phosphorylation and AD pathways in diabetic nephropathy. Meanwhile, NDUFS3 had the highest connectivity in the constructed PPI network and was a common gene in the four significant pathways we identified in AD, supporting an association with AD pathogenesis. NDUFV1 is the core subunit, along with NDUFS3, in human mitochondrial complex I, and this is considered the minimal assembly required for catalysis.
NDUFV1 encodes an enzyme subunit of NADH:ubiquinone oxidoreductase complex I, and requires one 4Fe-4S cluster and one flavin mononucleotide (FMN) molecule as cofactors. Defects in NDUFV1 lead to several diseases, such as Leigh syndrome, a severe neurological disorder characterized by bilaterally symmetrical necrotic lesions in subcortical brain regions. NDUFA10 and NDUFA9 encode subunits that each bind one flavin adenine dinucleotide (FAD) cofactor and are considered accessory subunits of complex I that have no involvement in catalysis. NDUFB3 is also an accessory subunit of complex I that is not believed to be involved in catalysis. A study of Liu et al. (2011) indicated that defects in NDUFV2 are closely related to AD and other encephalopathies. COX7B is one of the nuclear-encoded polypeptide chains of cytochrome c oxidase (complex IV), the terminal oxidase in mitochondrial electron transport. COX7B is reportedly increased in AD brains and its over-expression in cells was shown to enhance amyloid-beta peptide (1-40) toxicity, which has been implicated in neuronal cell death in AD (Nagai et al., 2004) . UQCR10 is a component of complex III and interacts with cytochrome c1. ATP5J2 and ATP5J in complex V produce ATP from ADP in the presence of a proton gradient across the membrane, which is generated by electron transport complexes of the respiratory chain. These genes exhibited a high degree in our network, showing their potential importance for the molecular pathogenesis of AD.
In the current study, four significant pathways (oxidative phosphorylation, Parkinson's disease, Huntington's disease, and Alzheimer's disease pathways) were detected by KEGG enrichment analysis of those top 300 genes. Among them, the most significant was the oxidative phosphorylation pathway, with the lowest P value of 2.05 x 10 -5 . Oxidative phosphorylation is a pervasive and highly efficient metabolic pathway that provides energy for basal metabolism from ATP reformation in the mitochondria of cells (Rolfe and Brown, 1997) . In this pathway, redox reactions occur via the transfer of electrons from electron donors to acceptors. The electron transport chain includes five main protein complexes (NADH dehydrogenase, succinate dehydrogenase, the cytochrome bcl complex, cytochrome c oxidase, and ATP synthase) and is considered the vital energy producer. Coincidentally, several genes that we identified, such as NDUFB3, NDUFA9, NDUFV1, NDUFV2, NDUFS3, and NDUFA10 in cluster 1, are related genes that are associated with NADH dehydrogenase. During oxidative phosphorylation, some reactive oxygen species are produced simultaneously, such as superoxide and hydrogen peroxide, which lead to free radical propagation, cell damage, disease, and senescence. Previous studies have highlighted the relationship between oxidative phosphorylation and AD. According to a study by Sun et al. (2012) , an energy deficiency in the brain might be the commonest etiological agent for AD. Shoffner (1997) also showed that functional decreases in the activity of enzymes involved in oxidative phosphorylation appeared to occur in AD and may be related to other neurodegenerative processes, which supports the concept that oxidative phosphorylation plays an important role in the pathophysiology of AD. The oxidative phosphorylation pathway is shown in Figure 4 . The importance of the oxidative phosphorylation pathway in the present study was further confirmed by the KEGG pathway for AD ( Figure 5 ). In the Parkinson's disease and Huntington's disease pathways, oxidative phosphorylation has also been identified as one of the most significant processes involved in these diseases. This suggests that the oxidative phosphorylation pathway is highly relevant to the pathogenesis of neurological disease. Using cluster analysis, we found five clusters with densely connected genes. Genes in cluster 1 are the most closely connected, with the highest values for rank and degree, and are considered the hub sub-network for AD. Moreover, eight genes in cluster 1 also participate in the significant pathways that we identified, including NDUFB3, NDUFA9, NDUFV1, NDUFV2, NDUFS3, NDUFA10, COX7B, and UQCR10. Most of these genes showed a high degree in the network and some have a proven role in AD. This further confirms the significance of cluster 1 in AD.
In this paper, several hub genes were identified, and many of these genes have seldom been reported in previous research on AD. The bioprocesses and significant signaling pathways associated with AD were presented systematically. Comprehensive network analysis was conducted on the dysregulation of gene expression in AD, and a hub sub-network was shown for the development of AD. The identification of these pathways and several critical genes might give new insight into potential therapies for AD. However, the current study was based on previous reports. The results need to be confirmed by further research and more clinical evidence.
